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1 Pixel-wise Supervised Contrast
Segmentation-Aware Hard Anchor Sampling. Hard negative sampling is key to con-
trastive learning [1, 2, 3] as many contrastive methods have shown that various hard neg-
ative sampling strategies have, in fact, been useful in discriminating features of the same
and different labels. However, it is still up to question whether such methods are practical.
Increasing the probability of encountering hard negatives leads to a large batch size require-
ment, and having a memory bank storing exemplar or all (encoded) data features is time-
and memory-consuming in the long run. In this light, we treat the task of sampling hard
examples as sampling anchors that fail to categorize the pixel correctly in a given image by
adopting the anchor sampling strategy, except the memory bank, as proposed in [4] in order
to avoid resource overheads in time and memory.

Inter-Image vs. Intra-Image Contrast. Inter- and intra-image pixel contrast each refers
to comparing pixels in each image and across all images, respectively. It is intuitive to
compare each pixel against those in the rest of the images for global consistency and is
verified by [4]. Although intra-image contrast (combined with the CE loss) leads to some
improvement in mIoU, inter-class method achieves far significant performance gain.

In our pixel contrast loss term, however, we seek to avoid using a large memory banks
holding a small number of randomly selected pixel-wise embeddings from each mini-batch
as in [4] due to a practical resource constraint. Therefore, we instead use intra-image pixel
contrast for a given image (in a mini-batch) and complement it with weak supervision using
image-level annotations (e.g., weather conditions). This has an effect of taking into account
pixels in each image as well as weather-specific images by its class.

2 Detailed Results
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